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ABSTRACT 

For effective localisation of a search target by a swarm of 
Autonomous Underwater Vehicles (AUVs), a suitable 
cooperative search strategy should be utilised. Various 
aspects of the search task should be taken into account 
when selecting a search strategy. The nature of the search 
environment, the search target and the search agents 
should be considered. The Covariance Matrix Adaption 
Evolution Strategy (CMA-ES) is a well-known search 
strategy that proves its success in solving different 
continuous optimisation problems. This paper 
investigates utilising the CMA-ES to locate a Submarine 
Groundwater Discharge (SGD) using the temperature of 
water as a tracer. The impact of introducing some of the 
constraints, which are imposed by the search task, on the 
CMA-ES performance are studied. The influence of the 
number of the AUVs and their energy capacities on the 
search performance is investigated. The effect of the 
resolution of the temperature sensors together with the 
localisation and the navigation problems on the search 
behaviour are explored. The results show that these 
constrains have varying degrees of impact on the 
performance of the search strategy. 

INTRODUCTION 

Technological advances in Autonomous Underwater 
Vehicles (AUVs) have opened the doors to explore and 
access areas previously considered inaccessible (Bhat & 
Stenius, 2018). Different types of AUVs have been 
developed and used in different applications (Paull, et al., 
2014). 
Searching is an important class of AUVs applications. 
AUVs can be used, for example, to detect mines, locate 
groundwater discharge sources, search for harmful 
dumped waste and lost ship containers (Zielinski, et al., 
2009).  
A swarm of AUVs can be used to explore a predefined 
search area to locate mobile or stationary targets (Nolle, 
2015). A huge number of search algorithms has been 
successfully applied to solve real-world problems. 
However, selecting a suitable search algorithm to guide 

an AUV towards a point of interest is not an easy task. 
Different aspects should be considered when selecting or 
developing a cooperative search strategy for AUVs. 
Sensors’ quality, energy constraints, localisation errors, 
navigation capabilities and communication quality are 
among the factors that influence the performance of a 
swarm of AUVs (Tholen, et al., 2017).  
A cooperative search strategy can be used to guide a 
group of AUVs, as search agents, towards the most 
promising region. This search strategy should have the 
capability to analyse the search information gathered by 
the AUVs to suggest the best path to the target. Different 
population-based search algorithms have the capability 
of efficient utilisation of search information to locate a 
global optimum. However, using AUVs as search agents 
can affect the behaviour of these algorithms.     
The efficiency of a population-based search algorithm 
depends on its ability to utilise the shared search 
experience to capture a global view of the search 
problem. Building a global view of the search problem 
depends on the population size, which is determined by 
the number of the available AUVs. The captured global 
view also depends on the quality of the shared 
information. The shared information includes the 
location information and the target information (i.e. the 
tracer information of the target).  
The quality of the search information depends on the 
quality of the sensors that collect the location information 
and the tracer information. The quality of the sensor 
information depends on the accuracy and the resolution 
of the sensor. It also depends on the sampling rate and the 
response time together with the speed of the AUV. To 
acquire search information with a specific quality, 
sensors can impose constrains on the acquiring rate of 
search information and on the speed of the AUVs.   
AUVs, as real-time search agents, impose other 
constrains on the search algorithm. There are restrictions 
in terms of their physical movement and their search 
range. To evaluate a search decision for exploring a 
search region, an AUV should move to that region and 
collect the requested search information. Such an 
evaluation can take some time depending on the speed of 
the AUV and the distance to that region. In addition, the 
search information can be changed before collecting the 
requested information. This change can be due to the 
dynamic nature of both the search algorithm and the 
phenomenon. Furthermore, the decision for a detailed 
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exploration of the current search region should be taken 
immediately and should not be delayed for collecting 
more search information. This delay can waste energy of 
the AUVs by revisiting some locations more than once. 
It can further restrict the ability of the AUVs and the 
search algorithm to explore the whole search space due 
to the limited energy capacities of the AUVs.  
Efficient utilisation of the  energy of an AUV is essential 
for search algorithms to locate a target. The energy 
consumption can be minimised through avoiding 
exploring unpromising search regions. It can also be 
reduced by decreasing sharp changes in the AUVs 
directions. A search algorithm that creates smooth search 
paths for AUVs can help in extending the search range of 
the AUVs.    
AUVs as search agents when navigate to explore the 
search space are prone to localisation and navigation 
errors (Paull, et al., 2014). There are different ways to 
alleviate localisation and navigation problems.  However, 
an effective search strategy should consider these errors. 
Special attention should be paid for localisation errors. 
The localisation errors can influence the search 
behaviour through effecting the accuracy of the search 
information. In addition, the aim of the search process is 
to define the exact location of the global optimum with 
an acceptable accuracy.  
Evolution Strategies (ESs) (Schwefel, 1981) are black 
box population-based optimisation techniques. They 
have been studied for decades, leading to the many 
variants. The Matrix Adaption Evolution Strategy 
(CMA-ES) (Hansen & Ostermeier, 1996) is a well-
known variant of ESs. It was originally designed for 
small population sizes and has been successfully applied 
to a considerable number of real world continuous 
domain problems (van Rijn, et al., 2017).  
In this paper, the possibilities of utilising the CMA-ES as 
a search strategy for a swarm of AUVs to locate a 
Submarine Groundwater Discharge (SGD) using the 
temperature of water as a tracer is investigated. The 
robustness of the performance of the CMA-ES against 
some constrains of the task of locating SGDs is 
evaluated. These constrains include the number of AUVs 
and their energy capacity. They also include the 
resolution of the sensors. Furthermore, the impact of the 
localisation and the navigation problems on the algorithm 
behaviour is studied.   
This paper is organised as follows. A very short 
introduction into SGDs is given in the second section. 
The CMA-ES algorithm, as described in (Hansen, 2006), 
is reviewed in the third section. The paper concludes by 
presenting and discussing the simulations’ results. 

SUBMARINE GROUNDWATER DISCHARGE 

Submarine Groundwater Discharge (SGD) is the flow of 
water across the sea floor. Groundwater discharge may 
be pure groundwater entering the sea from a coastal 
aquifer, or it may be recirculated seawater, or some 
combination of the two (Burnett, et al., 2006).  

SGDs connect the land and ocean in the global water 
cycle (Taniguchi, et al., 2019). They can have a 
significant influence on the costal environment 
(Taniguchi, et al., 2019). They are important sources of 
nutrients, dissolved inorganic carbon or trace metals to 
coastal waters. This continuous loading of nutrients and 
trace metals alters the water quality and may lead to 
environmental degradation of coastal regions (Prakash, et 
al., 2018). 
Due to their impact on coastal regions, locating SGDs 
and tracking their dispersal is an important as well as 
challenging task. Natural tracers can be used to locate and 
quantify SGDs. Natural tracers, other than temperature, 
include nutrients, radioisotopes, salinity, and trace 
elements such as silica, barium, methane and others (Ray 
& Dogan, 2016). By measuring the changes in the natural 
tracers, SGDs can be located and quantified.  
The contrasts between groundwater and sea surface 
temperatures can be used to locate SGDs. Detecting such 
contrast in temperature can be done using simple 
temperature sensors. The temperature difference can also 
modify the colour and the transparency of seawater. 
These changes in colour and transparency enable 
identifying SGDs form aerial photographs or satellite 
image. Temperature as tracer can be used to identify 
shallow SGDs and SGDs with high flow rates. However, 
it might not be suitable for detecting deep SGDs or SGDs 
with low discharge flow due to the high heat capacity of 
the seawater (Kelly, et al., 2013). 
Different search strategies have been used to guide a 
swarm of AUVs to locate an SGD using the temperature 
as a tracer (El-Mihoub, et al., 2019; Tholen, et al., 2018; 
Tholen, et al., 2017). The reported results of applying 
these strategies show that the search task’s constrains 
influence their performances. To gain insight into the 
relations between these constrains and the search 
performance, an investigation in applying a variant of the 
CMA-ES algorithm as a search strategy for a swarm of 
AUVs is conducted.  

THE CMA-EVOLUTION STRATEGY 

The CMA-ES algorithm optimises a fitness function  
𝑓𝑓: 𝑥𝑥 ∈ ℝ𝑛𝑛 → 𝑓𝑓(𝑥𝑥) ∈  ℝ by sampling a population of λ 
solutions (individuals) from a multi-variate normal 
distribution. It selects the best µ solutions (parents) out 
of the λ individuals to adaptively estimate the local 
covariance matrix of the objective function.  
At generation 𝑔𝑔, the CMA-ES samples λ individuals 
according to 

𝑥𝑥𝑘𝑘
𝑔𝑔+1~𝒩𝒩�𝑚𝑚(𝑔𝑔), �𝜎𝜎(𝑔𝑔)�

2
𝐶𝐶(𝑔𝑔)�~𝑚𝑚(𝑔𝑔)

+ 𝜎𝜎(𝑔𝑔)𝒩𝒩�0,𝐶𝐶(𝑔𝑔)� ,
𝑘𝑘 = 1, … … , 𝜆𝜆 

(1) 

where 
∼ denotes the same distribution on the left and right
side.
𝒩𝒩�0,𝐶𝐶(𝑔𝑔)� is the multi-variate normal distribution
with zero mean and a covariance of 𝐶𝐶(𝑔𝑔).
𝑥𝑥𝑘𝑘
𝑔𝑔+1 is k-th offspring of generation 𝑔𝑔 + 1.



𝑚𝑚(𝑔𝑔) is the mean value of the distribution at 
generation 𝑔𝑔. 
𝜎𝜎(𝑔𝑔) is the overall standard deviation, step size, at 
generation 𝑔𝑔.  
𝐶𝐶(𝑔𝑔) is the covariance matrix at generation 𝑔𝑔. 
𝜆𝜆 ≥  2, is the population size or the sample size. 

These λ individuals are evaluated and ranked. The mean 
𝑚𝑚(𝑔𝑔+1) of the distribution is updated and set to the 
weighted sum of the best µ individuals. 

𝑚𝑚(𝑔𝑔+1) = �𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖:𝜆𝜆(𝑔𝑔+1)

𝜇𝜇

𝑖𝑖=1

 (2) 

where 
𝑤𝑤𝑖𝑖 > 0  for 𝑖𝑖 = 1, … . , 𝜇𝜇 
∑ 𝑤𝑤𝑖𝑖
𝜇𝜇
𝑖𝑖=1 = 1,  

𝑥𝑥𝑖𝑖:𝜆𝜆(𝑔𝑔+1) is the i-th best ranked individual out of 𝜆𝜆  
individuals of 𝑥𝑥(𝑔𝑔+1). 

The CMA-ES updates the covariance matrix through 
considering the evolution path, 𝑃𝑃𝑐𝑐. The evolution path is 
the search path the strategy takes over a number of 
generation steps. It can be expressed as a sum of 
consecutive steps of the mean. The evolution path can be 
constructed through exponential smoothing. Starting 
with 𝑝𝑝𝑐𝑐

(0) = 0,  𝑝𝑝𝑐𝑐
(𝑔𝑔+1) can be calculated. 

𝑝𝑝𝑐𝑐
(𝑔𝑔+1)

= (1 − 𝑐𝑐𝑐𝑐)𝑝𝑝𝑐𝑐
(𝑔𝑔) + �𝑐𝑐𝑐𝑐(2 − 𝑐𝑐𝑐𝑐)𝜇𝜇𝑒𝑒𝑒𝑒𝑒𝑒

𝑚𝑚(𝑔𝑔+1) −𝑚𝑚(𝑔𝑔)

𝜎𝜎(𝑔𝑔)
(3) 

where 
𝑝𝑝𝑐𝑐

(𝑔𝑔) is the evolution path at generation 𝑔𝑔. 
𝑐𝑐𝑐𝑐  ≤  1, is the learning rate for cumulation update of 
the covariance matrix. 
𝜇𝜇𝑒𝑒𝑒𝑒𝑒𝑒 = 1

∑ 𝑤𝑤𝑖𝑖2
𝜇𝜇
𝑖𝑖=1

, is the variance effective selection 
mass. 

The evolution path is used for updating the covariance 
matrix. The rank-one and rank-µ updates of the CMA can 
be combined in a single formula with 𝜇𝜇𝑐𝑐𝑐𝑐𝑐𝑐 to determine 
their relative weighting.  

𝐶𝐶(𝑔𝑔+1) = (1 − 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)𝐶𝐶(𝑔𝑔) +
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝜇𝜇𝑐𝑐𝑐𝑐𝑐𝑐

𝑈𝑈𝑟𝑟𝑟𝑟𝑛𝑛𝑘𝑘−𝑐𝑐𝑛𝑛𝑒𝑒

+ 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(1 −
1
𝜇𝜇𝑐𝑐𝑐𝑐𝑐𝑐

)𝑈𝑈𝑟𝑟𝑟𝑟𝑛𝑛𝑘𝑘−𝜇𝜇 
(4) 

where 
𝑈𝑈𝑟𝑟𝑟𝑟𝑛𝑛𝑘𝑘−𝑐𝑐𝑛𝑛𝑒𝑒 = 𝑝𝑝𝑐𝑐

(𝑔𝑔+1)𝑝𝑝𝑐𝑐
(𝑔𝑔+1)𝑇𝑇, is the rank-one update of

the covariance matrix 

𝑈𝑈𝑟𝑟𝑟𝑟𝑛𝑛𝑘𝑘−𝜇𝜇 = ∑ 𝑤𝑤𝑖𝑖(
𝑥𝑥𝑖𝑖:𝜆𝜆

(𝑔𝑔+1)−𝑚𝑚(𝑔𝑔)

𝜎𝜎(𝑔𝑔) )(𝑥𝑥𝑖𝑖:𝜆𝜆
(𝑔𝑔+1)−𝑚𝑚(𝑔𝑔)

𝜎𝜎(𝑔𝑔) )𝑇𝑇𝜇𝜇
𝑖𝑖=1 , is the 

rank-µ update of the covariance matrix. 
𝜇𝜇𝑐𝑐𝑐𝑐𝑐𝑐 ≥ 1, , is a parameter for weighting between rank-
one and rank-µ update. 
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≈ min �𝜇𝜇𝑐𝑐𝑐𝑐𝑐𝑐 , 𝜇𝜇𝑒𝑒𝑒𝑒𝑒𝑒 ,𝑛𝑛2� 𝑛𝑛2⁄ , is the learning rate for 
the covariance matrix update. 

The CMA-ES uses a step size control for better 
estimation of the step size, 𝜎𝜎𝑔𝑔. The cumulative path 
length control adapts the step size utilising the concept of 
evolution path. It compares the length of the evolution 
path with the expected length under random selection, i.e. 
Ε ∥ 𝒩𝒩(0, I) ∥. The cumulative path length control 
increases the step size if the evolution path is longer than 
expected, which indicates single steps are pointing to 
similar directions. On the other hand, the step size is 

decreased, if the evolution path is shorter than expected, 
which indicates single steps cancel each other.  
To make the length of evolution path independent of its 
direction for estimating the step size a conjugate 
evolution path 𝑝𝑝𝜎𝜎  can be calculated.  

𝑝𝑝𝜎𝜎
(𝑔𝑔+1)

= (1 − 𝑐𝑐𝜎𝜎)𝑝𝑝𝜎𝜎
(𝑔𝑔)

+ �𝑐𝑐𝜎𝜎(2 − 𝑐𝑐𝜎𝜎)𝜇𝜇𝑒𝑒𝑒𝑒𝑒𝑒𝐶𝐶(𝑔𝑔)−
1
2 𝑚𝑚

(𝑔𝑔+1) −𝑚𝑚(𝑔𝑔)

𝜎𝜎(𝑔𝑔)

(5) 

where 
𝑐𝑐𝜎𝜎 is the learning rate for the step size update. 

The conjugate evolution path is used to update the step 
size, 𝜎𝜎𝑔𝑔+1 based on the current step size. 

𝜎𝜎𝑔𝑔+1 = 𝜎𝜎𝑔𝑔 × exp(𝑐𝑐𝜎𝜎
𝑑𝑑𝜎𝜎
�

∥ 𝑝𝑝𝜎𝜎 ∥
E ∥ 𝒩𝒩(0, I) ∥ − 1�). (6) 

where 
𝑑𝑑𝜎𝜎  is a damping parameter, which scales the change 
magnitude of the step size. 

In the CMA-ES algorithm, there is a number of strategy 
parameters that control, separately, change rates of the 
mean 𝑚𝑚𝑔𝑔, the covariance matrix, 𝐶𝐶𝑔𝑔, and the step size, 
𝜎𝜎𝑔𝑔. However, default values for these strategy 
parameters have been defined and are applicable to a 
range of optimisation problems (Hansen, 2006) .     
The success of CMA-ES algorithms is due to estimating 
the parameters of the mutation distribution based on a set 
of selected steps not on a set of points (Hansen & 
Ostermeier, 1996). The use of cumulative path length 
control also enables adapting nearly optimal step sizes 
(Hansen, 2006). This improves convergence speed and 
global search capabilities at the same time.  

SIMULATION AND RESULTS 

A set of experiments was conducted using CMA-ES to 
locate the SGD, which has the highest discharge rate in 
an intermedia sized area with two SGDs. The aim of these 
experiments is to investigate the effect of some 
constrains, which are imposed by the search task, on the 
CM-ES behaviour. The strategy parameters of the CMA-
ES algorithm were set to the default values as defined in
(Hansen, 2006). The experiments were conducted with
the assumption that AUVs can travel to any point in the
search space in zero time and without any
communication problems.
The problem of locating SGDs in a marine environment
with the dimensions of 400m x 400m is simulated by a
two-dimensional search space. In this space, two SGDs
are located randomly. A Gaussian shape with maximum
temperature at its centre is used to represent an SGD.
The average temperature of the water is set to 30 °C. The
temperature of the centre of the SGD with the highest rate
is set to 24 °C and the temperature of the centre of the
second SGD was set to 26 °C (Akawwi, 2006). The
radiuses of the basin of SGDs are selected randomly in the 
range from 10 to 20 m. The plume areas with these
radiuses can be produced by SGDs with flow rates in the
range from 0.00433 m3/s to 0.01524 m3/s (Kelly, et al.,
2013).
The performance criterion in the simulations is the
accuracy of locating the global SGD. The SGD with the



centre of highest temperature is the global SGD. The 
distance between the best-found location by an algorithm 
and the exact location of the global SGD’s centre was 
defined as the error of that algorithm. 
Each experiment was repeated for 100 times using the 
mentioned above search environment. The experiments’ 
results were used to extract the cumulative distribution of 
the errors of each algorithm in each experiment. This 
cumulative distribution is used to estimate the probability 
of an algorithm to locate the global optimum with less 
than or equal to a specific error value. 
Each experiment was conducted with a different number 
of AUVs, to study the combined effect of each constrain 
and the population size on the performance. The number 
of AUVs was set to 𝜆𝜆𝑚𝑚𝑖𝑖𝑛𝑛 , 2.5𝜆𝜆𝑚𝑚𝑖𝑖𝑛𝑛 , 5𝜆𝜆𝑚𝑚𝑖𝑖𝑛𝑛 and 10𝜆𝜆𝑚𝑚𝑖𝑖𝑛𝑛 . 
𝜆𝜆𝑚𝑚𝑖𝑖𝑛𝑛 is the default value for the population size strategy 
parameter. 𝜆𝜆𝑚𝑚𝑖𝑖𝑛𝑛  = 4 + ⌊3 ln (𝑛𝑛)⌋, where 𝑛𝑛 is the 
dimension of the optimisation problem (Hansen, 2006).  

Energy Capacity 

The aim of the first set of experiments is to study the 
influence of the energy capacity of the AUV on the 
performance of the CMA-ES.    
In literature, the number of function evaluations is 
usually used as a termination criterion when evaluating 
the performance of optimisation algorithms. However, 
for the task of locating SGDs using AUVs, energy 
consumption is a more realistic termination criterion. The 
cost of function evaluations, which is sensing  the water’s 
temperature, can be ignored. The goal of the swarm of 
AUVs is to locate the target before consuming their 
energy. With the goal of studying the effect of the number 
of AUVs and their energy capacity on the performance 
of the CMA-ES algorithm, the stopping criteria for 
search is consuming the energy stored on the AUVs.  
The energy capacity of the AUVs can be translated in 
terms of meters travelled by the AUV. The energy 

capacity of the AUV used in this research is sufficient for 
travelling a distance of 4,500 meter with an average 
speed of 1 𝑚𝑚 𝑠𝑠⁄  (Tholen, et al., 2018). This capacity was 
used as a reference in these experiments. The 
experiments were conducted for AUVs with 2250 meter, 
4500 meter, 9000 meter, and unlimited energy capacities. 
The cost of changing the direction by an angle of 180° 
was assumed to be equivalent to travelling 4 meters (El-
Mihoub, et al., 2019).  
The experiments were conducted with the assumption 
that the AUVs estimate their location without errors, 
navigate with zero navigation error, and are using ideal 
sensors.   
Figure 1 shows the performance of the CMA-ES 
algorithm with different number of AUVs and with 
different energy capacities. The figure shows that even 
with a population size of 60 AUVs and without any 
constrains, the CMA-ES is only able to find the global 
optimum with an accuracy of less than 5 meter in about 
70% of the experiments. It also demonstrates as expected 
that the decrease in the energy capacities of the AUVs 
degrade the algorithm performance. It also shows that as 
the capacity decreases, the difference in the performance 
between the algorithms with 60, 30 and 15 AUVs 
decreases. In other words, there is a minimum of energy 
requirements for effective cooperation regardless of the 
number of cooperating AUVs. The figure shows that 
increasing the energy capacity and increasing the number 
of AUVs does not guarantee locating the global optimum 
even with an off the shelf state-of-the-art search 
algorithm. Another set of experiments has been done 
using the genetic algorithm optimisation tool of 
MATLAB to solve this problem. The results, which are 
not shown here, demonstrate that the probability of 
locating the global optimum with an accuracy of less than 
5 meter is less than 0.6.  

Figure 1: The change in the performance for different population size and different energy capacities 



 

 

 
Figure 2: The Influence of the Sensor Resolution on the Performance 

Sensor Resolution 

Search algorithms evaluate the quality of a search region 
for further detailed exploration based on the quality of the 
samples of the region. The quality of these samples 
depends on the feature used to trace the target and the 
quality of the sensor for quantifying this feature. For 
locating SGDs in this paper, temperature is used as a 
tracer. The relation between the location of an SGD and 
the current location depends to some extent on the 
difference in the temperature. This relation is the 
objective function of the search algorithm. It is the only 
mean for differentiating the quality of the sampled 
locations.  
The search algorithm uses the readings of the temperature 
sensor at selected locations as the objective value of these 
locations. The actual objective function used by the 
search algorithm depends on the details of the sensor. 
Sensors can modify the original relation between the 
SGD location and the temperature. Sensors can introduce 
some noise in mapping locations to temperature 
depending on their accuracy. Furthermore, the response 
time of the sensor can introduce errors in this mapping. 
Instead of optimising the original, response time can lead 
to optimising 𝑓𝑓: 𝑥𝑥 ∈ ℝ𝑛𝑛 → 𝑓𝑓(𝑥𝑥 − ∆𝑟𝑟) ∈  ℝ, ∆𝑟𝑟 is the 
accumulated effect of the response time. The sensor 
resolution, which defines the smallest measurement a 
sensor can reliably indicate, can transform the objective 
function into a staircase function.  
In this section, the influence of the sensor resolution on 
the performance of the CMA-ES is evaluated. The 
experiments were conducted for sensors with resolutions 
of 1e-10 (an ideal resolution), 0.01, 0.1 and 1.0 °C. The 
sensors are assumed to have no accuracy errors and zero 
response time.     
The experiments were conducted with the assumption 
that the AUVs estimate their location without errors, 
navigate with zero navigation error, and have unlimited 
energy capacity. 

Figure 2 shows the results of these experiments. The 
figures shows that the sensors resolution influences both 
the accuracy and the probability of locating the global 
optimum. The effect of changing the sensor resolution on 
the performance is more significant than that of the 
energy capacity. The graphs show that the algorithm with 
60 AUVs is able to locate the global optimum with an 
acceptable accuracy with resolutions up to 0.1 °C. The 
algorithm show poor performance with a resolution of 
1°C. The results of these experiments are expected due 
the impact of the resolution on the ability of the algorithm 
to differentiate between sampled locations.  
 
Localisation Errors 

To assess the impact of the localisation errors on the 
CMA-ES performance, another set of experiments was 
conducted. Gaussian probability distributions with 
standard deviations of {0.0, 0.1, 0.3, 1.0} were used to 
model the localisation errors. These distributions can 
produce errors in the range roughly from −3𝜎𝜎 to 3𝜎𝜎. For 
AUVs with zero localisation error, a distribution with  
𝜎𝜎 = 0 is assumed. 𝜎𝜎 = 0.1 is assumed for AUVs, that 
rely on GPS for localisation. 𝜎𝜎 = 0.3 and 𝜎𝜎 = 1.0 is 
assumed for AUVs, that use underwater localisation 
techniques. The experiments were carried out with the 
assumption that the AUVs navigate with zero navigation 
error, have unlimited energy capacity and ideal 
temperature sensors. 
The results of the experiments, as shown in Figure 3, 
demonstrate that the change in the localisation errors 
affect the accuracy of locating the global optimum. The 
plots show that these errors do not misguide the search 
but can decrease its ability to find the exact location of 
the global optimum. It is worth mentioning that the effect 
on the accuracy is related to the range of localisation 
errors. This error can be due to the error in reporting the 
exact location of the global optimum.  



Figure 3: The Impact of Localisation Errors on the Performance 

Figure 4: The Navigation Problem and the Performance 

On the other hand, the localisation errors have a small 
impact on the probability of locating the global optimum. 
The localisation errors in the experiments do not 
accumulate over time. The localisation process at each 
sampled location sets upper limits on the localisation 
error values. The localisation errors can introduce errors 
in mapping the locations to their quality. However, the 
CMA-ES algorithm is resilient against these errors. 

Navigation Errors 

The last set of experiments were carried out to evaluate 
the effect of the navigation error on the CMA-ES 
performance. Gaussian distributions with standard 
deviation values as those defined for localisation errors 
are used to model the navigation errors.  

These experiments were executed with the assumption 
that the AUVs can estimate their locations without any 
error, have unlimited energy capacity and have ideal 
temperature sensors. 
The results of these experiments, depicted in Figure 4, 
show that the navigation errors have the least significant 
impact on the performance compared with other 
constrains. The navigation errors alone can lead the 
search to sample points other than the target points. The 
distance between the sampled points and the target points 
depends on the navigation errors. However, navigation 
errors do not cause any errors in evaluating the sampled 
points. It does not introduce any errors in mapping the 
location to the objective function. Since the CMA-ES is 
a stochastic algorithm, non-accumulative navigation 



errors does not introduce a significant effect on its search 
behaviour. They can affect slightly the accuracy of 
locating an SGD as they can guide the search to a location 
near the exact location in the final stages of the search, as 
shown in graphs of small population sizes. Moreover, 
navigation errors can improve the diversity of the 
population and improve the search results, as shown in 
Figure 4 for navigation errors with a standard deviation 
of 0.1.  

CONCLUSION AND FUTURE WORK 

Selecting a suitable cooperative search algorithm for a 
swarm of AUVs necessitate studying its robustness 
against constrains, which are imposed by the search task. 
To shed light on the impact of these constrains on the 
algorithm performance, the performance of CMA-ES as 
a state-of-the-art algorithm against some of these 
constrains was evaluated. The performance of the 
algorithm was studied in locating the global SGD using 
the water’s temperature as a tracer.  
The experiments show that using an off the shelf state-
of-the-art search algorithm cannot guarantee solving the 
problem even with a large number of AUVs and with 
unlimited energy capacities. The experiments also 
illustrate that using the CMA-ES with a population size, 
which is recommended in literature (Hansen, 2006), 
produces a poor performance in locating the global SGD 
in a search space with two SGDs.     
The experiments also demonstrate that the resolution of 
the sensor has a significant influence on the search 
behaviour. Sensors with high resolutions empower the 
discrimination ability of the algorithm between similar 
solutions. On the other hand, sensors with low resolutions 
transform the objective function to a kind of staircase 
function and degrade the algorithm ability of 
discrimination between sampled solutions.  
The localisation errors also have a considerable impact 
on the performance. The localisation errors can lead to 
associate the quality of sampled solutions to other 
solutions. This can lead to errors in evaluating the quality 
of the sampled solution and can lead the search towards 
non-optimal solutions. The simulations show that, in 
most cases, the localisation errors do not prevent the 
search from locating the global optimum. Meanwhile, 
they can degrade the algorithm accuracy in reporting the 
location of the global optimum.      
The next step in this research is to investigate possible 
ways to improve the CMA-ES algorithm performance in 
locating SGDs. It will include studying the impact of the 
physical movement of the AUVs and the communication 
constrains on the algorithm performance. Utilising the 
(1, 𝜆𝜆)-ES with mirrored sampling and sequential 
selection (Auger, et al., 2011) as a search algorithm for a 
single AUV search will be also investigated.   

REFERENCES 
Akawwi, E. J., 2006. Locating Zones and Quantify the 

Submarine Groundwater Discharge into the Eastern Shores 
of the Dead Sea-Jordan. 

Auger, A., Brockhoff, D. & Hansen, N., 2011. Analyzing the 
Impact of Mirrored Sampling and Sequential Selection in 
Elitist Evolution Strategies. Schwarzenberg, Austria, s.n., 
pp. 127-138. 

Bhat, S. & Stenius, I., 2018. Hydrobatics: A Review of Trends, 
Challenges and Opportunities for Efficient and Agile 
Underactuated AUVs. Porto, Portugal, IEEE, pp. 1-8 

Burnett, W. C., Aggarwal, P. K., Aureli, A., Bokuniewicz, H., 
Cable, J. E., Charette, M. A., et al. (2006). Quantifying 
submarine groundwater discharge in the coastal zone via 
multiple methods. Science of The Total Environment 367 
(2-3), pp. 498-543. 

El-Mihoub, T., Tholen, C. & Nolle, L., 2019. Informed search 
patterns for alleviating the impact of the localisation 
problem. Caserta, Italy,  pp.37-42 

Hansen, N., 2006. The CMA Evolution Strategy: A Comparing 
Review. In: J. Lozano, P. Larrañaga, I. Inza & E. 
Bengoetxea, eds. Towards a New Evolutionary 
Computation. Studies in Fuzziness and Soft Computing. 
Berlin, Heidelberg: Springer, pp. 75-102. 

Hansen, N. & Ostermeier, A., 1996. Adapting arbitrary normal 
mutation distributions in evolution strategies: The 
covariance matrix adaptation. s.l., s.n., p. 312–317. 

Kelly, J., Glenn, C. & Lucey, P., 2013. High‐resolution aerial 
infrared mapping of groundwater discharge to the coastal 
ocean. Limnology and Oceanography Methods, pp. 262-
277. 

Nolle, L., 2015. On a search strategy for collaborating 
autonomous underwater vehicles. Brno, s.n., pp. 159-164. 

Paull, L., Saeedi, S., Seto, M. & Li, H., 2014. AUV Navigation 
and Localization: A Review. IEEE JOURNAL OF 
OCEANIC ENGINEERING, pp. 131-149. 

Prakash, R., Srinivasamoorthy, K., Gopinath, S. & Saravanan, 
K., 2018. Measurement of submarine groundwater 
discharge using diverse methods in Coleroon Estuary, 
Tamil Nadu, India. Applied Water Science, p. 8:13. 

Ray, L. & Dogan, A., 2016. Contemporary Methods for 
Quantifying Submarine Groundwater Discharge to Coastal 
Areas. In: Emerging Issues in Groundwater Resources.. 
s.l.:Springer, Cham, pp. 327-364.

Schwefel, H., 1981. Numerical Optimization of Computer 
Models. s.l.:John Wiley & Sons. 

Taniguchi, M. et al., 2019. Submarine Groundwater Discharge: 
Updates on Its Measurement Techniques, Geophysical 
Drivers, Magnitudes, and Effects. Frontiers in 
Environmental Science, Volume 7, pp. 1-26. 

Tholen, C., El-Mihoub, T., Nolle, L. & Zielinski, O., 2018. On 
the robustness of self-adaptive Levy-flight. Kobe, IEEE, pp. 
1-5.

Tholen, C., Nolle, L. & Werner, J., 2017. On the Influence of 
Localisation and Communication Error on the Behaviour 
of a Swarm of Autonomous Underwater Vehicles. Recent 
Advances in Soft Computing. MENDEL 2017, pp 68-79. 

van Rijn, S., Wang, H., van Stein, B. & Bäck, T., 2017. 
Algorithm configuration data mining for CMA evolution 
strategies. Berlin, Germany, ACM, pp. 737-744 . 

Zielinski, O. et al., 2009. Detecting marine hazardous 
substances and organisms: sensors for pollutants, toxins, 
and pathogens. Ocean Science, pp. 329-349 




